This paper examines the variation properties of departure time choice behavior by activity type, using a continuous six-week travel survey collected in the cities of Karlsruhe and Halle in Germany in 1999. Total variation of departure time choice is decomposed into five variation components: spatial variation, temporal variation at aggregate level, inter-household variation, inter-individual variation, and intra-individual variation. These variations are first quantitatively analyzed using multilevel modeling approach without considering the influences of explanatory variables. Then, based on the clarified variations patterns, the paper further examines how much of the variations can be captured by explanatory variables. It is confirmed that different activities show quite different variations and among the variations, the intra-individual variation accounts for the largest percentage of the total variation. Model estimation results further underscore the needs of simultaneously dealing with unobserved macro-level variations, especially inter-individual, inter-household and spatial variations, as well as the intra-individual variation, even when the explanatory variables are included in the model. Such quantitative assessment of various types of variations based on the multi-level modeling approach could provide a useful guide for the specification of behavior models, and deepen the knowledge of behavioral variability by going beyond the traditional paradigm which only focuses on a limited set of variations.
INTRODUCTION
During the last three decades, the characteristics of activity/travel behavior have been addressed in greater details. One of the remarkable characteristics is its day-to-day variability (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) . In this study, it is noteworthy to first clarify four technical terms: heterogeneity, variability, variation and variance. Heterogeneity refers to the phenomenon that activity/travel behavior changes across individuals. This study especially deals with the unobserved heterogeneity. It is well known that variance is a statistical term, representing the degree of variation. Linguistically, variability means the fact of something being likely to vary. In this study, the later three terms are used interchangeably and are an aggregate of individuals' (or households') heterogeneities.
Existing studies have pointed out the weakness of conventional disaggregate models, and emphasized the necessity of distinguishing between intra-individual variability and inter-individual variability. For example, Pas (10) argues: "Intrapersonal variability generally comprises a substantial proportion of the total variability. Thus, the commonly used R 2 goodness-of-fit measure generally provides a poor indication of the proportion of the between-person variability that is explained by a model". Hanson and Huff (4) claim: "Travel-behaviour groups defined on the basis of one-day dairies are likely to be unstable; they are likely to reflect considerable inter-personal heterogeneity that actually comes from intra-personal variation in daily travel". This "representative fallacy" is due to the problems coming from the assumption that individual behavior changes little from day to day, and the behavior on a typical day can be used to represent almost all behaviors on other day.
The above-mentioned point is very analogous to the argument behind the paradigm shift from traditional 4-step models to the disaggregate models of activity/travel behavior analysis. In fact, one important aspect of development process of activity/travel behavior analysis is the change of viewpoint on behavioral analysis from a macro perspective to a micro perspective, i.e., unit of analysis changes from zone to individual (or household) and single activity episode or trip.
In reality, unit of analysis can be defined at various levels. For example, the macro level could be defined according to a city or a zone, while the micro level to an individual, a household, an activity episode or a trip. There is no doubt about the needs and advantages of behavior analysis based on a more micro-level unit. A number of researchers have confirmed the risk of the "aggregative (ecological) fallacy" for the aggregate models (i.e., the 4-step models) and the "representative fallacy" for the disaggregate models. The micro-level analysis, however, can be strongly affected by the "atomistic fallacy" (11) , which is the fallacy of modeling the behavior exclusively at a certain micro-level unit by ignoring the macro-level effect. In the transportation literature, the "aggregative fallacy" has received much more attention than its counterpart, the "atomistic fallacy". However, as discussed in more detail in the next section, a number of "atomistic fallacies" also potentially exist in transportation phenomena. In fact, the more the micro-level units are employed as basic units of analysis, the bigger the hierarchical or clustered model structures are required. For example, a single activity episode or trip can be nested under not only an individual, but also a zone.
The paper is aware that the more the micro-level units are employed as basic units of analysis, the more the research into the effects of macro-level variables on the behavior is likely to be discouraged. For example, when a single activity episode or trip is adopted as the basic unit of analysis, existing studies either ignore the spatial or zonal effects or rudely deals with them by using, for example, a dummy variable. However, if such zonal effects are not ignorable, then the assumption that the units of analysis are independent, which is often made in the statistical models applied in practice, becomes unrealistic. Consequently, this may lead to a misunderstanding of the determinants of activity/travel behavior. Such arguments might also be applicable to other macro-level effects. These macro-level effects have not been satisfactorily explored in existing literature, leading to misspecification of model structure. In this sense, the problem could come down to how to handle the unobserved heterogeneities in a number of macro level effects, which have complicated properties such as hierarchical and/or cross-classification structures, and what types of macro level effects should be taken into account for the analysis.
In this study, in order to examine the aforementioned complicated characteristics of activity/travel behavior, multilevel modeling approach is used. To quantitatively assess the impacts of unobserved heterogeneity at various macro-levels on the behavior, we focus on variation component, which corresponds to the degree of variation caused by the unobserved heterogeneity at a level of interest. An empirical analysis is conducted on departure time choice. More explicitly, this paper attempts to first decompose the total variation of departure time choice by activity type into five variance components: spatial variation, temporal variation at aggregate level (i.e., the whole population or its segments), inter-household variation, inter-individual variation, and intra-individual variation. Second, the effects of each type of variation on departure time choices are examined. In addition, how much of each variation can be explained by observed variables is also evaluated. It is expected that such analysis of variation properties could provide much deeper knowledge of behavioral mechanisms beyond the traditional paradigm which only focuses on a single or a limited set of variations. From the modeling perspective, such analysis could provide a useful guide in the specification of model structure because detailed variation patterns can be identified. An empirical analysis is conducted by using a continuous six-week travel survey data (called Mobidrive data) collected in the cities of Karlsruhe and Halle in Germany in 1999 (12) . Mobidrive data is one of the few data sets to allow us to address this type of analysis. This paper is organized as follows. The next section reviews the previous studies focusing on variation properties of activity/travel behavior. In section 3, the multilevel modeling approach is described. In the following section, the data set used in this study is briefly explained, and the results of model estimations are presented. In the final section, key conclusions and future tasks are summarized.
LITERATURE REVIEW
As discussed above, this paper classified the variations of activity/travel behavior into five major categories. Here, since inter-personal variation has been well represented in existing studies, the review is given only with respect to intra-individual variation and the macro-level variations including spatial variation, temporal variation at aggregate level and inter-household variation.
Studies of Intra-Individual Variation
As mentioned in Section 1, the importance of day-to-day variability of activity/travel behavior at individual level has been recognized. One of the straightforward approaches to confirm the day-to-day variability might be to ask how similar the behaviors are within the same person or same sub-group. In this context, a number of similarity measures have been proposed to capture the degree of repetitiousness of the day-to-day behavior. For example, Hanson and Huff (4), Jones and Clarke (13), Pas (14) , and Joh et al. (15) propose different similarity measures, and Schlich (6) and Schlich and Axhausen (7) compare these measures. The comparison results suggest that different measures of similarity detect different levels of similarity. In this sense, these measures should be further refined.
Focusing on components of total variation, Pas (10) highlights that a model based on cross-sectional data explains only inter-individual variation, and model performance could be apparently good because the total variation does not include intra-individual variation. His analysis shows that intra-individual variation comprises a substantial proportion (around 50%) of the total variation in terms of trip generation per day. In the same way, Pendyala (16) confirms a high percentage of the day-to-day variability in terms of trip frequency, travel time, travel distance and departure/arrival time. Susilo and Kitamura (8) examine the day-to-day variation in the context of individuals' action space, and conclude that compared to other activities, discretionary activities are performed at various locations, showing higher randomness of action space (more than 85% of total variation is explained by unobserved intra-individual variation). Kitamura et al. (9) examine the day-to-day variability of the origin vertices of workers' morning prisms using the stochastic frontier model. The result shows a much smaller day-to-day variation than the actual departure times of the first trips, although around 35% of total variation in the prism vertex is the intra-individual variation.
All of the above studies indicate that individual behavior may undergo significant fluctuations from day to day, and the "representative fallacy" could be remarkable. Even if the selected representative samples could perfectly represent the characteristics of the population and the estimated behaviors have no bias, it does not mean that the results could be directly used to represent the behaviors on other day(s) (10).
Studies of Macro-Level Variations
To begin with, it can be assumed that an individual is grouped within several macro-level units. In this section, we consider household, spatial and temporal attributes as macro-level units.
First, effects of the household unit on individual behavior are considered. It has been widely acknowledged in the transportation literatures that the activities conducted by members of multi-person households interact with each other (e.g., [17] [18] [19] . Pas and Sundar (20) assume that an individual is nested within household, and show that the household-level effects on activity/travel behavior could be measured as the proportion of inter-household variation to total variation. Goulias (21) also confirms that inter-household variation is important from the perspective of time allocation behavior. Actually, both studies show that inter-household variation is more than 1/3 of the inter-personal variation. These results indicate that the independence assumption of the units of analysis will not hold if inter-household variation cannot be ignored, and as a result, "atomistic fallacy" may arise.
Second, spatial elements, such as land use, location of urban facilities and population distribution, would also have some impacts on daily activity participation. These kinds of impacts have been treated in the aggregate models. These methods have been criticized about their inflexibility and inaccuracy, and the "aggregative fallacy" is an often quoted argument of disaggregate models. However, it does not directly imply that the disaggregate models have an edge on zonal aggregated models. For instance, if there is a positive intra-zonal correlation, then it will become unrealistic to assume that the units of analysis (individual or activity episode) are independent. Actually, disaggregate and zonal aggregate models elucidate different aspects of transport phenomena-disaggregate models mainly focus on the impacts of factors at the level of decision maker, while aggregate models mainly focus on the impacts of zonal attributes, such as land use pattern and accessibility. For example, Bhat (22) shows that ignoring the spatial context (zonal effect), in which individuals make mode choice decisions, can lead to an inferior data fit and provides inconsistent evaluations of transportation policy measures. Bhat and Zhao (23) also confirm that travel-related choices are intrinsically spatial in the context of activity stop generation. Thus, more precise analyses require that both individuals and spatial attributes should be treated simultaneously.
Third, impacts of temporal elements, such as date, day-of-week and season, on individual behavior are considered. Levinson and Kumar (24) show that the behaviors on different days are not same and they may change between weekdays and weekends, and travel patterns vary seasonally with respect to activity duration, trip frequency, trip duration and trip distance by activity type in the aggregate units. Kitamura and van der Hoorn (25) show that out-of-home social/recreational and shopping activities increase from Monday toward Friday, and it is further revealed that some systematic variations exist across days of the week in time use and trip generation. These studies indicate individual behavior shows some systematic variations over time. Note that it might be better to distinguish systematic day-to-day variation at aggregate level from intra-personal variability. To avoid confusion, we henceforth treat the term "temporal variation" as systematic day-to-day variation at aggregate level. Distinction between these two day-to-day variations is also useful to a better understanding of the nature of variation in activity/travel behavior.
In summary, activity/travel behavior could show various variations and as a result, a better understanding of the behavior requires simultaneous representation of these variations. In line with such consideration, multilevel analysis approach is a promising tool to examine the influences of these variations.
MULTILEVEL MODEL
As reviewed in section 2, the behavior in a given context does not only differ from individual to individual, but also vary within individual (intra-individual variation) and differ between households, zones or weekdays (macro-level variations). In macro-level variations, some of them have hierarchical structures, and some have cross-classification structures. To deal with these complicated variation patterns, we employ multilevel modeling (26) (27) (28) , which might be one of the best approaches to addressing the behavior with various types of variations. This method essentially treats multiple hierarchical and cross-classification unobserved heterogeneities by corresponding variation components, and allows for flexible decomposition of total variation into the variations from various sources, such as the macro-level effects and the micro-level effects mentioned above. Although a number of applications can be found in transportation literature (21, (22) (23) (29) (30) (31) (32) (33) (34) (35) , to the authors' knowledge, three major variation components in travel behavior, i.e., decision maker attributes, temporal attributes and spatial attributes, have not been examined simultaneously, mainly because of data limitation. In this empirical analysis we decompose total variation of departure time choice for each activity type into 5 variation components, which are 1) inter-individual variation, 2) inter-household variation, 3) spatial variation (derived from differences between the combinations of OD pair and residential location), 4) temporal variation (systematic day-to-day variation at aggregate level) and 5) intra-individual variation. In addition, how much of these variations can be explained by observed variables is also examined. To describe the departure time choice behavior by activity type j, we adopt the following equation: 
where, y j tihds is the dependent variable (departure time) of the t-th trip for activity j made by person i of household h on day d traveling between location pairs s. β j 0 and β j are unknown parameters, x j tihds indicates explanatory variables including situational attributes (e.g., size of party, job-related duties), individual attributes (e.g., gender, age, employment status), household attributes (e.g., number of household vehicles, household income), temporal attributes (e.g., day of week, holiday, long vacation) and/or spatial attributes (e.g., level of service between zones, attractiveness of location, spatial distribution of households and facilities). ε are variances of the random components. These random components are all assumed to be uncorrelated, thus the variance-covariance matrix can be written below: The existence of the non-zero correlation suggests that traditional estimation procedures such as OLS are not suitable (28) , because the units of analysis are not independent and consequently the "atomistic fallacy" occurs. Meanwhile, the existence of a non-zero intra-individual variation ε j tihds means that the behaviors fluctuate not only across decision makers, spatial and temporal attributes, but also across situation/context-dependent attributes. If this kind of variation is ignored, the "representative fallacy" comes into being.
When the model includes explanatory variables (called Full model), the total variation of y j tihds can be calculated as the following equation. . It is very interesting to know how much these variances are explained for several reasons. The main interest is that remaining variations offer information about which type of explanatory variables is still lacking and which direction future research should take. For example, if the specified set of explanatory variables could not reduce the spatial variation or it still remains at a high rate, it may imply that spatial variables are potentially more important. However, the determination of which explanatory variables reduce the unobserved heterogeneities is less certain because especially micro-level variables have cross-level influences and it is rare to eliminate the unobserved variation within each level completely (36) . For example, the duration of the commute trip might be categorized as situational attributes, but it is not difficult to imagine that there is also big difference between individuals or OD pairs. Therefore, the model including the duration of the commute trip as explanatory variable may reduce not only intra-individual variation, but also other variations. In this paper, thus we mainly focus on the variation properties of departure time choices, and which factor is the ultimate trigger for creating fluctuation sets is a secondary objective.
The set of unknown parameters in the model,
s | j and σ 2 0 | j , are estimated based on full maximum likelihood estimate method. The likelihood function for each activity type L j can be defined as follows: (6), we adopt adaptive Gaussian quadrature approximations using software R (37) . For the sake of simplifying the discussion of variation patterns, the model is estimated separately for each activity type, leaving the analysis of interrelated choices of different activities and travels as a future research issue.
EMPIRICAL ANALYSIS

Data
The Mobidrive data set (12) is used in the empirical analysis. It includes a six-week travel diary survey conducted in Karlsruhe (West Germany) and Halle (East Germany), in fall of 1999. Including the pilot survey, a total of 361 persons from 162 households participated in this survey. Total recorded dates are 119 days, including 56 days from the pilot survey (May 31 through July 25) and 63 days from the main survey (September 13 through November 14). 
Model Estimation and Discussion
First, the Null model (i.e., the model without explanatory variables) is estimated for each activity type and the results are presented in Table 2 . The dependent variable, i.e., the departure time, is expressed in minutes counted from midnight as zero. Test of significance for each random component is conducted based on Chi-squared statistics by comparing the models with and without the corresponding random component (28) . If a random component included in the model does not improve the log-likelihood significantly, we exclude it from the model, implying that the corresponding variation could be ignored in the analysis. Model estimation results reveal that the day-to-day variation for Pick-up/Drop-off, inter-individual variation for Non-daily Shopping, and inter-household and day-to-day variations for mandatory activities (School, Work and Work-related activities) could be ignorable. All of the remaining random components are statistically significant. The proportions of variations are summarized in Table 3 and major findings are described below.
(i) Intra-individual variation shows the biggest impact on the departure time choices of almost all the activities. The relevant shares of total variations range from 35.0% to 75.6%. This suggests that the choices of daily departure times are mainly determined by the factors changing from time to time and/or from context to context. This is especially true with respect to Pick-up/Drop-off, Private business, Work-related activities, Leisure and Home activities in this case study. (ii) The variations related to individual attributes (the sum of inter-individual and inter-household variations) account for the second largest proportion (11.0%~36.0%) of total variation, regardless of activity types. However, the proportions of inter-household variation and inter-individual variation vary greatly with activity types. For instance, the inter-individual variation shows extremely high influence on departure time choice for mandatory activities (School, Work and Work-related activities), while the inter-household variation imposes higher impact on Daily shopping, Non-daily shopping and Leisure activities. (iii) The spatial variation especially shows much larger influence on the departure time choices of the mandatory activities than those of other activities. (iv) The departure time choices for shopping and leisure activities are highly influenced by systematic day-to-day variation, compared to other activities.
Thus, the variations presented in Table 3 could provide a useful guide for the design of a dynamic modeling framework. For example, in this case study, it could be suggested to especially incorporate intra-individual variation into the model development of departure time choice. On the other hand, such significant variations obviously suggest the necessity of introducing some observed variables to represent departure time choice behavior.
Next, it is necessary to examine how much of the above unobserved variances of random components can be explained by observed information. The estimation results of Full models, which contain observed (explanatory) variables, are presented in Table 4 . Explanatory variables were selected based on a preliminary analysis, which was conducted to select statistically significant variables (at least at the significance level of 90%). The selected variables vary from activity to activity. The resulting variance components by activity type for both the Null and Full models are illustrated in Figure 1 . It is confirmed that the reduction of variations is very different not only among activity types, but also among variation types. The findings are summarized below.
Comparing the Null and Full models, it is found that the biggest reduction rate is observed with respect to the temporal variations. For example, in the case of Daily shopping, the variation is reduced from 4607.1 to 9.1. Temporal variations in Private business, Non-daily shopping, Leisure and Home in the Full models are also reduced by more than 70% from those in the Null models. On the other hand, the smallest reduction rate is observed in intra-individual variation (4%~16%). Explaining intra-individual variation by explanatory variables seems to be quite difficult for all activity types. This implies that, at least in departure time choice, we need additional information to capture intra-individual variations.
As for other components of variations (inter-individual, inter-household and spatial variations), the reduction rates vary greatly with activity types: inter-individual variation ranging from 20% to 83%, inter-household variation from 27% to 65%, and spatial variation from 30% to 82%.
In the Full models, inter-individual variation, inter-household variation and spatial variation are estimated to be statistically significant, suggesting that it is necessary to further introduce more appropriate observed variables to explain these variations. As for the remaining types of variations, statistical significances vary with activity types. On the other hand, temporal variations are estimated to be insignificant for Daily shopping and Home, suggesting that the relevant random components could be ignored in the model. The reasons might be two-folded. One is because the introduced day-of-week dummies works well to reduce such variations. However, the empirical analysis reveals that introducing other types of variables could also reduce such temporal variations, For example, when day-of-week dummies are excluded from the model for Daily shopping, the temporal variation is estimated to be 2713.3, which is much smaller than 4607.1. This suggests that another reason causing the reduction of temporal variation is due to the introduction of other observed variables. Such observation also implies that some observed factors could play the role of the confounding factors, i.e., one factor could be influential to two or more types of variations.
CONCLUSION
In the analysis of activity/travel behavior, use of micro-level unit usually discourages the analysis of the effects of macro-level variables. One of the reasons is because behavioral variations could come from various sources, but these variations have not been properly evaluated before model development due to the lack of reliable methodologies. Focusing on departure time choice, this study has attempted to explore its variation properties based on the multilevel modeling approach, which can simultaneously deal with various types of variations based on the concept of variance component.
This study decomposes the total variation in departure time choice behavior into five major categories: spatial variation, temporal variation at aggregate level, inter-household, inter-individual, and intra-individual variations. The Mobidrive data with a continuous six-week travel dairy data is adopted. Model estimation results first confirm that the behavioral variations of departure time choice vary largely with activity type, and among all the variations, the intra-individual variations are most influential in the sense that its share in the total variation is the largest. It is further revealed that some types of variations cannot be ignored even after incorporating its influence by using some observed information. It is also observed that a number of observed variables are influential to several types of variations. These findings underscore the needs of simultaneously dealing with unobserved variations from macro-level to micro-level. These quantitative assessments of various types of variations could provide useful guide for the model specification, and deepen the knowledge of behavioral variability by going beyond the traditional paradigm which only focuses on a limited set of variations.
The empirical analysis of this study is an initial attempt of understanding various variations in activity/travel behavior. More extensive applications are needed before giving any general conclusions. From modeling perspective, the multilevel model requires the macro-level units to be pre-defined; however, different definitions might lead to different conclusions. This is because, for example, homogeneity is usually assumed with respect to the behavior at zone level and change of zone size means the change of influence of such homogeneity assumption. It is worth exploring the influence of such zone size on behavioral variability. One of the most challenging parts in the future might be how to connect knowledge of behavioral variability with policy making. For this purpose, the observed variability should cover various contexts over a longer time period. However, the problem is how to collect such data in practice, with consideration of limited survey budget. In line with such consideration, it is expected that the voluntary, incentive-based participatory self-reporting (VIP-SR) survey method proposed by Zhang (38) could provide such data. The VIP-SR survey completely relies on citizens' voluntary spirit. It does not limit the survey period and targets the whole population across a much longer time period, unlike traditional survey methods, which usually select respondents from a small portion of the whole population (usually several percentages) within a limited time period (e.g., a week) to collect the information on one representative day, or at most several adjacent days. It is empirically confirmed that the VIP-SR is highly acceptable to the public, using a small-scaled web-based survey. One of the unsolved issues related to the VIP-SR survey is whether it could collect representative samples. In this sense, such new survey method should be seriously taken into account in the analysis of activity/travel behavior and transportation decisions. More research efforts are required. 
